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Given a new application domain, how to specialise the system stack?

Specialisation Problem
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Given a new application domain, how to specialise the system stack?

Specialisation Problem
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Abstract

1. Introduction to Neural Networks

Synthesise computer systems?

Many architects believe that major improvements in cost-energy-performance must now come from domain-specific
hardware. This paper evaluates a custom ASIC—called a Tensor Processing
Unit (TPU)— deployed in datacenters

since 2015 that accelerates the inference phase of neural networks (NN). The heart of the TPU is a 65,536 8-bit MAC
matrix multiply unit that offers a peak throughput of 92 TeraOps/second (TOPS) and a large (28 MiB)
software-managed on-chip memory. The TPU’s deterministic execution model is a better match to the 99th-percentile
response-time requirement of our NN applications than are the time-varying optimizations of CPUs and GPUs
(caches, out-of-order execution, multithreading, multiprocessing, prefetching, …) that help average throughput more
than guaranteed latency. The lack of such features helps explain why, despite having myriad MACs and a big
memory, the TPU is relatively small and low power. We compare the TPU to a server-class Intel Haswell CPU and an
Nvidia K80 GPU, which are contemporaries deployed in the same datacenters. Our workload, written in the high-level
TensorFlow framework, uses production NN applications (MLPs, CNNs, and LSTMs) that represent 95% of our
datacenters’ NN inference demand. Despite low utilization for some applications, the TPU is on average about 15X 30X faster than its contemporary GPU or CPU, with TOPS/Watt about 30X - 80X higher. Moreover, using the GPU’s
GDDR5 memory in the TPU would triple achieved TOPS and raise TOPS/Watt to nearly 70X the GPU and 200X the
CPU.
Index terms–DNN, MLP, CNN, RNN, LSTM, neural network, domain-specific architecture, accelerator

The synergy between the large data sets in the cloud and the numerous computers that power it has enabled a renaissance in
machine learning. In particular, deep neural networks (DNNs) have led to breakthroughs such as reducing word error rates in
speech recognition by 30% over traditional approaches, which was the biggest gain in 20 years [Dea16]; cutting the error rate
in an image recognition competition since 2011 from 26% to 3.5% [Kri12] [Sze15] [He16]; and beating a human champion at
Go [Sil16].
Neural networks (NN) target brain-like functionality and are based on a simple artificial neuron: a nonlinear function
(such as max(0, value)) of a weighted sum of the inputs. These artificial neurons are collected into layers, with the
outputs of one layer becoming the inputs of the next one in the sequence. The “deep” part of DNN comes from going beyond
a few layers, as the large data sets in the cloud allowed more accurate models to be built by using extra and larger layers to
capture higher levels of patterns or concepts, and GPUs provided enough computing to develop them.
The
 two phases of NN are called

training (or learning) and inference (or prediction), and they refer to development
versus production. The developer chooses the number of layers and the type of NN, and training determines the weights.
Virtually all training today is in floating point, which is one reason GPUs have been so popular. A step called quantization
transforms floating-point numbers into narrow integers—often just 8 bits—which are usually good enough for inference.
Eight-bit integer multiplies can be 6X less energy and 6X less area than IEEE 754 16-bit floating-point multiplies, and the
advantage for integer addition is 13X in energy and 38X in area [Dal16].
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Using Machine Learning to Focus Iterative Optimization

1 Introduction

Iterative compiler optimization has been shown to outperform static approaches. This, however, is at the cost of
large numbers of evaluations of the program. This paper develops a new methodology to reduce this number and hence
speed up iterative optimization. It uses predictive modelling
from the domain of machine learning to automatically focus
search on those areas likely to give greatest performance.
This approach is independent of search algorithm, search
space or compiler infrastructure and scales gracefully with
the compiler optimization space size. Off-line, a training
set of programs is iteratively evaluated and the shape of the
spaces and program features are modelled. These models
are learnt and used to focus the iterative optimization of a
new program. We evaluate two learnt models, an independent and Markov model, and evaluate their worth on two
embedded platforms, the Texas Instrument C6713 and the
AMD Au1500. We show that such learnt models can speed
up iterative search on large spaces by an order of magnitude. This translates into an average speedup of 1.22 on the
TI C6713 and 1.27 on the AMD Au1500 in just 2 evaluations.

ing the cost of iterative optimization. As a single evaluation
consists of a compilation plus execution of the program, two
recent papers have investigated reducing the cost of an individual compilation or execution [7]. In [1, 6] a more radical
approach is used to reduce the total number of evaluations.
Cooper et al [6] examine the structure of the search space,
in particular the distribution of local minima relative to the
global minima and devise new search based algorithms that
outperform generic search techniques. An alternative approach is developed in [20]. Here the space of compiler
options is examined off-line on a per function basis and the
best performing ones classified into a small tree of compiler options. When compiling a new program, the tree is
searched by compiling and executing the best path in the
tree. As long as the best sequences can be categorized into
a small tree, this proves to be a highly effective technique.
This paper develops a new methodology to speed up iterative optimization. It automatically focuses any search on
those areas likely to give the greatest performance. This
methodology is based on machine learning, is independent
of search algorithm, search space or compiler infrastructure and scales gracefully with the compiler optimization
space size. It uses program features to correlate the program to be optimized with previous knowledge in order to
focus the search. Off-line, a training set of programs is iteratively evaluated and the shape of the spaces and program
features are recorded. From this data, our scheme automatically learns a model which predicts those parts of the optimization space that are likely to give good performance
improvements for different classes of programs. When a
new program is then encountered, an appropriate predictive
model is selected, based on program features, which then
biases the search to a certain area of the space. Using this
technique we are able to speed up search by an up to an
order of magnitude on large spaces.
This paper is structured as follows. Section 2 provides
a motivating example demonstrating how learning where to
search can significantly reduce the number of evaluations
needed to find good performance improvements. This is
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Using iterative search as a basis for compiler optimization has been widely demonstrated to give superior performance over static schemes [1, 3, 11]. The main drawback
of these schemes is the amount of search time needed to
achieve performance improvements given that each point
of the search is a recompilation and execution of the program. Although multiple recompilations/executions are acceptable for embedded code, libraries and persistent applications, these long compilation/execution cycles restrict the
space of options searched. On a larger scale, they are a significant barrier to adoption in general purpose compilation.
There have been a number of papers focusing on reduc-
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Correctness a fundamental component of systems

Challenge: Correctness
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Bugs are costly!

Intel floating point bug, Transaction bug, ARM coherence bug.

Can we have correct by construction?

Post-hoc validation expensive!
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Given a program specification, and a partial implementation, fill in
the rest
Spreadsheet learning by example, biological models, SQL queries.

Cache coherence protocol synthesis
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PL/Verification community has made tremendous recent progress on
program synthesis techniques
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Computer Systems Synthesis

Low cost computer system design key to future innovation

The age of specialisation!
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New techniques: Machine learning + formal methods
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Some on-going work on the ML side. E.g. Work out of microsoft
research on Deep leaning for program synthesis.

Synthesise partial implementation (ML) + fill up the result using
formal methods?

ML + Formal Methods?
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Bhatotia, Etessammi, Fleuriot, Grot, Jackson, Leather, Nagarajan, O’Boyle,
Ramamoorthy, Stark, Sutton, Topham

Monthly reading group with above researchers and students
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If researchers are still interested to continue, then carry on with programme.

1 or 2 pilot workshops to identify shared vision.

Activities
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Researchers who have informally evinced interest
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Annual 1-day research retreat, in a topic of common interest (e.g.
brainstorming for a proposal).

